This article analyzes the effect of liquidity risk on the performance of equity hedge fund portfolios. Similarly to Avramov, Kosowski, Naik, and Teo (2007), (2011), we observe that, before accounting for the effect of liquidity risk, hedge fund portfolios that incorporate predictability in managerial skills generate superior performance. This outperformance disappears or weakens substantially for most emerging markets, event-driven, and long/short hedge fund portfolios once we account for liquidity risk. Moreover, we show that the equity market-neutral and long/short hedge fund portfolios' "alphas" also entail rents for their service as liquidity providers. These results hold under various robustness tests.
I. Introduction
Do hedge fund managers deliver superior performance? Given that hedge funds typically charge high fixed and performance fees, it is important to understand whether their risk-adjusted performance justifies these fees. Judging by the tremendous growth of the assets managed by hedge funds since the late 1990s, investors appear to believe that hedge funds deliver alphas (net of fees) exceeding those of traditional actively managed portfolios.
In an important advance in the risk-adjusted performance literature, Avramov and Wermers (2006) develop a higher power estimate of the performance of portfolios of mutual funds. The increased power relies on three assumptions of predictability, in i) managerial skills, ii) fund risk loadings, and iii) benchmark returns. Their estimation method involves two steps: i) the formation of optimal portfolios using a Bayesian method to incorporate one or more of the predictability assumptions, and ii) the estimation of portfolio performance using a standard risk adjustment method. Avramov, Kosowski, Naik, and Teo (2007) , (2011) employ the same method to estimate the performance for a large sample of hedge funds and conclude that some subgroups of hedge funds exhibit superior performance. In addition, they provide evidence that predictability in managerial skills is the major source of their superior performance.
Liquidity usually refers to both the time and the costs associated with the transformation of a given asset position into cash and vice versa. Typically, most continuous-time arbitrage or equilibrium asset pricing models assume that the cost and time required to transfer financial wealth into cash is zero. In practice, however, during financial crises (e.g., Asia 1997, Long-Term Capital Management (LTCM) 1998, and Subprime 2008) liquidity declines precipitously and can even temporarily dry out. Investors respond by aggressively bidding for the safest (i.e., most liquid) securities, which in turn raises their prices relative to less liquid securities. If liquidity for an entire financial market (i.e., systematic liquidity) evolves randomly, an asset's return that covaries more with systematic liquidity would yield a liquidity risk premium to compensate for an event in which the asset falls in price along with the ability to liquidate it. This conjecture is consistent with the evidence that systematic liquidity risk is priced in equity markets (Pastor and Stambaugh (2003) , Gibson and Mougeot (2004) ).
We conjecture that the predictable managerial skill-based alphas estimated by Avramov et al. (2007) , (2011) may to some extent be attributed to the omission of a systematic liquidity risk factor in their performance evaluation framework. We follow the portfolio construction method used in Avramov et al. to test this conjecture. First, we form optimal hedge fund portfolios using their Bayesian method to incorporate the three predictability assumptions (in managerial skills, in fund risk loadings, and in benchmark returns). Second, we estimate portfolio performance using the Hasanhodzic and Lo (2007) model, augmented by a systematic liquidity risk factor constructed from the Pastor and Stambaugh (2003) liquidity measure. Finally, we examine to what extent the supply of liquidity by certain hedge funds in tight liquidity situations may explain their residual alphas (after accounting for systematic liquidity risk) in that these funds may also earn net rents from acting as liquidity providers.
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Our empirical results show that, for most equity hedge fund styles-based portfolios, the liquidity risk factor betas are significantly positive and economically relevant. This statement is particularly true for the emerging markets, eventdriven, and long/short equity hedge fund portfolios. We observe that, for 30% of the equity hedge fund portfolios, the estimated alphas are no longer significant at the 5% level, after accounting for systematic liquidity risk. Moreover, for the emerging markets funds, the significant outperformance of the predictable managerial skills-based portfolios over similar portfolios ignoring managerial skills effectively disappears once liquidity risk is accounted for. A similar but somewhat 1 We are very grateful to Stephen Brown (the editor) for suggesting that hedge funds may also be earning liquidity rents that are distinct from a mere compensation for bearing systematic liquidity risk. This hypothesis is further explored at the end of Section V. less pronounced effect of liquidity risk on the event-driven style-based portfolios is also observed. Yet, two specific hedge fund portfolio classes still yield significant superior performance, even after accounting for systematic liquidity risk; these are the equity market-neutral and multistrategy fund portfolios. We finally provide indirect evidence that the equity market-neutral and long/short equity hedge fund styles-based portfolios earn liquidity provisioning rents that can explain part of their residual alphas (after accounting for liquidity risk). This finding suggests that these hedge funds are also compensated for providing market liquidity when it is scarce.
These empirical results are robust to: i) the choice of an alternative performance evaluation model (the Fung and Hsieh (2004) seven-factor (FH7) model); ii) the choice of an alternative liquidity risk proxy constructed from the Amihud (2002) liquidity measure; iii) the winsorization of hedge funds' returns; and iv) the exclusion of the impact of the recent financial crises.
We believe that these empirical results have a wide range of practical implications. First, they suggest that predictability in managerial skills is generally not sufficient to generate a "pure" and economically significant alpha for most equity hedge fund investment strategies. Second, systematic liquidity risk plays an important role, and a nonnegligible fraction of equity hedge funds' performance documented in previous studies is actually a compensation for their systematic liquidity risk exposures. Third, the residual and entire performance, respectively, documented for the equity market-neutral and long/short equity hedge funds may be associated with rents that these hedge funds earn from acting as liquidity suppliers in tight funding situations. Thus, systematic liquidity risk matters significantly and ought to be considered in the performance evaluation of most equity hedge fund investment strategies. In addition, for the equity market-neutral and long/short equity hedge funds, there is room for further research in order to understand their additional compensation as liquidity providers and to assess whether it is commensurate with the net trading benefits that they provide to other market participants in periods when market liquidity is scarce.
The organization of this article is as follows: Section II briefly surveys the literature. Section III explains the theoretical framework used in this article to form hedge fund portfolios, to construct the liquidity risk factor and, finally, to estimate the performance of hedge fund portfolios. Section IV describes the data. Empirical results are analyzed in Section V. Section VI provides the main conclusions.
II. Literature Review
The evaluation of hedge funds' performance is a widely studied yet still unresolved research issue in finance. Brown, Goetzmann, and Ibbotson (1999) examine the performance of offshore hedge funds during the period from 1989 to 1995 using an annual database that includes both live and defunct hedge funds. They find that 9 out of 10 hedge fund strategies generate positive alphas. Relying on two excess return measures (i.e., alphas and appraisal ratios) over different time periods, Agarwal and Naik (2000) find evidence of short-term persistence (at the quarterly horizon). With a return-smoothing model, Getmansky, Lo, and Makarov (2004) , however, show that the performance persistence documented by Agarwal and Naik (2000) and other papers can be simply traced to illiquidity-induced serial correlation in hedge fund returns. Fung and Hsieh (1997) argue that hedge funds employ dynamic trading strategies that have option-like payoffs and propose a factor analysis method to extract five style factors from hedge funds' returns. In order to capture the option-like payoffs of certain dynamic trading strategies, Fung and Hsieh (2001) further propose to design and apply option-based "style factors" (in the form of portfolios replicating lookback straddles) to capture the time-series properties of trend-following strategies. Similarly, Agarwal and Naik (2004) propose to use the returns of buy-and-hold option holdings in at-and out-of-the-money options to measure the performance of hedge funds in a stepwise regression framework. Kosowski, Naik, and Teo (2007) claim that hedge fund alphas could not be explained by luck or sample variability and that performance persists at annual horizons. They develop a powerful bootstrap and Bayesian procedure to improve on the small samples of hedge fund returns. They find a 5.5%/year increase in the estimated alpha from the bottom to the top decile. In a paper that motivated the current study, Avramov et al. (2007 Avramov et al. ( ), (2011 evaluate the performance of optimal hedge fund portfolios while assuming that three sources of predictability characterize hedge fund returns (predictability in fund risk loadings, in benchmark returns, and in managerial skills). They find significantly higher estimated alphas (3%-5%) when they account for predictability in managerial skills.
As for systematic liquidity risk that we introduce into the hedge fund performance evaluation framework, its role in asset pricing has been intensively investigated in the finance literature.
2 It is worth mentioning that systematic liquidity risk as considered in this article is distinct from the concepts of illiquidity examined in Getmansky et al. (2004) and in Aragon (2007) . Indeed, we focus on liquidity risk stemming from the fact that equity hedge fund returns may covary with a marketwide systematic liquidity risk factor. The previous authors focus primarily on illiquidity as a cost factor that induces serial correlation in individual hedge fund returns and that may also provide an explanation for their higher expected returns. Sadka (2010) is closely related to our paper but focuses on whether systematic liquidity risk is priced in the cross section of hedge fund expected returns. Sadka (2010) shows that the high-liquidity risk exposure hedge fund portfolio (top decile) has a statistically significant 6% higher annual return, on average, than the low-liquidity risk exposure hedge fund portfolio (bottom decile) during 1994-2008. In contrast, Avramov et al. (2007 Avramov et al. ( ), (2011 assume that an individual hedge fund return process is generated by a single equity risk factor that is, in various ways and to some degree, predictable (alpha, beta, and return). They exploit this predictability to obtain hedge fund portfolios that deliver significantly positive alphas (relative to the FH7 (2004) benchmark). Sadka (2010) raises the possibility that the alphas in Avramov et al. may be systematic liquidity risk premia. On the other hand, Avramov et al. predict individual hedge fund alpha, beta, and return with variables unrelated to liquidity. We settle the issue. For 30% of the equity hedge fund portfolios considered in our study, the estimated alphas are reduced to insignificant levels when evaluated with the Hasanhodzic and Lo (2007) model plus a systematic liquidity risk factor, and for 88.5% of the portfolios, the reduction in alphas is statistically significant at the 5% significance level.
Finally, a recent paper by Cao, Chen, Liang, and Lo (2013) is very much in the spirit of the hedge fund timing literature examining market return, volatility, and liquidity timing. Whereas Avramov et al. (2007 Avramov et al. ( ), (2011 exploit the predictability of the return process for each individual hedge fund to form optimal hedge fund portfolios that outperform the FH7 (2004) benchmark, the former show that many hedge funds exploit their ability to time (i.e., predict) liquidity to decrease (increase) their single equity factor exposure as liquidity decreases (increases). Furthermore, while Avramov et al. provide direct evidence of the predictability of the hedge fund return process, Cao et al. provide indirect evidence that hedge fund managers can predict liquidity. The top decile of liquidity-timing hedge funds have alphas as much as 9.5% per year above the lowest decile of liquidity timers. Whether some or all of Cao et al.'s alphas represent a systematic liquidity risk premium is an interesting empirical question left for further research.
III. The Hedge Fund Portfolio Allocation Model
Our approach to form optimal hedge fund portfolios follows Avramov et al. (2007 Avramov et al. ( ), (2011 . Following these authors, we assume that hedge funds possess managerial skills that are predictable. Hence, within such a portfolio allocation model, we can investigate whether predictability in managerial skills is really effective in so far as it allows one to incorporate highly skilled hedge fund managers in portfolios that subsequently generate higher excess returns, even after accounting for liquidity risk.
Assume that there are several types of Bayesian optimizing investors who differ from each other with respect to their views about the parameters governing the following hedge fund return-generating model:
where r i,t is the return of hedge fund i in excess of the riskless interest rate in month t, z t is a vector of M business cycle variables observed at the end of month t, f t is a vector of K zero-cost benchmarks, β i,0 (β i,1 ) is the fixed (variable) component of fund risk loadings, and ϵ i,t is a fund-specific event that is assumed to be uncorrelated across hedge funds and over time and to be normally distributed with mean zero and variance ψ i . The business cycle variables z t are modeled by a vector autoregression of order one.
The model describing hedge fund returns in equation (1) Note that the predictability of managerial skills is explained by public information rather than the private information possessed by hedge fund managers. This statement is consistent with the fact that the private information of the manager is correlated with the chosen business cycle variables that capture publicly available information.
A. Investor Types
Following Avramov et al. (2007) , (2011), we consider three specific types of hypothetical Bayesian investors who hold different views about the existence of managerial skills:
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The first type of investor is called the dogmatist, who rules out the existence of managerial skills. The dogmatist is further divided into three subtypes: i) subtype (ND) rules out any possible predictability; ii) subtype (PD1) is a predictability dogmatist, but he only believes in the predictability of fund risk loadings; and iii) subtype (PD2) believes in the predictability of both fund risk loadings and benchmark returns.
The second type of investor is agnostic about the existence and level of managerial skills. For the agnostic investor, prior beliefs are noninformative, and managerial skills are completely determined by the observed data. Assume that there are two subtypes of agnostic investors: The first subtype of agnostic investor (PA1) believes that only managerial skills are predictable, while the second subtype (PA2) believes that managerial skills, fund risk loadings, and benchmark returns are all predictable. 4 The skeptic, as the third type of investor, is an investor who believes in the existence of managerial skills, but his beliefs are bounded. As in the agnostic case, we also consider two subtypes of skeptic investors: The first subtype (PS1) believes that only managerial skills are predictable, and the second subtype (PS2) believes that hedge fund allocation decisions can be improved by exploiting the business cycle variables that potentially predict managerial skills, fund risk loadings, and benchmark returns.
B. Optimal Portfolio Formation
At each time t, there exist N t hedge funds defining the investment opportunity set, with N t varying over time. We follow Avramov et al. (2007 Avramov et al. ( ), (2011 in that each investor forms his portfolio by maximizing the conditional expected value of a quadratic utility function,
where W t denotes the time t invested wealth, b t reflects the absolute risk aversion parameter, R p,t+1 is the realized excess return on the optimal portfolio p computed as R p,t+1 = 1 + r ft + w ′ t r t+1 with r ft being the riskless interest rate, r t+1 denoting the vector of hedge fund excess returns, and w t denoting the vector of the optimal hedge fund allocations. Taking conditional expectations on both sides of equation (2) yields the following optimization problem:
where
, with µ t and Σ t denoting, respectively, the mean vector and the variance-covariance matrix of hedge fund excess returns. The possibility of leveraging and short selling is excluded when we form the optimal hedge fund portfolios.
Investors update their prior beliefs once they obtain new information, and the posterior densities of the parameters are obtained by combining the likelihood functions and the prior distributions. With such densities, investors can calculate the Bayesian predictive distribution of hedge fund returns r t+1 , from which the mean vector µ t and the variance-covariance matrix Σ t of hedge fund excess returns are derived.
We use the excess return on the value-weighted Standard & Poor's (S&P) 500 index as the benchmark factor to derive the optimal portfolios for the seven types of investors defined as above. This allows us to compare our results with those previously obtained by Avramov et al. (2007 Avramov et al. ( ), (2011 .
C. Performance Evaluation Model
We use the Hasanhodzic and Lo (2007) six-factor model and its extended version to evaluate the performance of the optimal portfolios of the seven types of investors defined as above. This choice is motivated by the fact that this model accounts for a broad cross section of risk exposures for a typical hedge fund and that it is widely accepted in the recent hedge fund literature. The six risk factors are: i) the excess return on the S&P 500 index (SP500); ii) the excess return on the U.S. Dollar Index (USDX); iii) the excess return on the Goldman Sachs Commodity Index (GSCI); iv) the excess return on the Lehman Corporate AA Intermediate Bond Index (YIELD); v) the return spread on the Lehman BAA Corporate Bond Index and the Lehman Treasury Index (SPREAD); and vi) the volatility risk factor (VOLA). 5 We regress each portfolio's monthly excess returns on these six factors:
We also use the Fung and Hsieh (2004) model with and without a liquidity risk factor to evaluate the performance of the optimal hedge fund portfolios in Section V.D.
D. Liquidity Risk Factors
In what follows, we discuss the construction of liquidity risk factors that will be added to the performance evaluation model described in the previous subsection in order to examine whether a liquidity risk factor can explain the previously documented abnormal performance of hedge funds even after accounting for the existence of predictable managerial skills. The first liquidity risk factor is constructed from the liquidity measure proposed by Pastor and Stambaugh (2003) . In their paper, the illiquidity of stock i in year y is defined as the ordinary least squares estimate of γ i,t in the regression This liquidity measure γ i,t focuses on an aspect of illiquidity associated with temporary price fluctuations induced by the order flow. Essentially, greater illiquidity corresponds to stronger volume-related return reversals, and in this respect this measure follows the same line of reasoning as the model and the empirical evidence presented by Campbell, Grossman, and Wang (1993) . Here, γ i,y is usually negative and larger in absolute level when liquidity is lower.
Stocks are ranked into 25 portfolios p = 1, 2, . . . , 25 according to their annual illiquidity measures at the end of the previous year. The first portfolio is composed of the most liquid stocks, while the least liquid stocks are in the last portfolio. For each portfolio p, we calculate its return in month t as 5 We use the data on the S&P 500 index constituent stocks to construct the VOLA. At the beginning of each year from 1996 to 2006, we regress the excess returns of each of the S&P 500 index constituent stocks during the prior 24 months on the value-weighted market excess returns and the Chicago Board Options Exchange (CBOE) volatility indices, and we rank stocks into 20 portfolios according to their loadings with respect to the volatility index. The VOLA is then calculated as the return difference between the portfolios composed of the stocks with the highest and lowest sensitivities to the CBOE volatility index. where w ip t are either equal-or value-based weights, depending on the specification. In the following, we only present the empirical results estimated from equal-weighted returns; the results estimated from value-weighted returns are quantitatively similar.
The liquidity risk factor denoted by LIQ PS is defined as the return on the least liquid portfolio minus the return on the most liquid portfolio, and its value in month t is
By definition, this factor can be interpreted as the return that investors are willing to give up for holding more liquid stocks.
The liquidity risk factor LIQ PS then can be incorporated into equation (4) to study the effect of liquidity risk on the performance of the optimal hedge fund portfolios formed according to the portfolio optimization scheme described in Section III.B.
In order to study the robustness of the results, we also evaluate the performance of the optimal hedge fund portfolios using another liquidity risk factor, denoted by LIQ AMH , which is constructed from the liquidity measure proposed by Amihud (2002) . The illiquidity of stock i is alternatively defined as the ratio of its daily absolute return to the daily trading volume (in millions of U.S. dollars). More precisely, this measure equals |R iyd | /VOL iyd , where R iyd is the return on stock i on day d of year y, and VOL iyd is the respective daily trading volume. This measure follows Kyle's (1985) concept of illiquidity as the response of price to order flow.
The annual illiquidity of stock i in year y is equal to the sum of the daily illiquidities in this year divided by the number of available trading days:
where D iy is the number of trading days for which trading data are available for stock i in year y. The Amihud (2002) liquidity risk factor LIQ AMH can be constructed following the procedure as described above for the construction of the LIQ PS factor.
IV. Data
The hedge fund data used in this article are provided by the Lipper TASS database. TASS divides hedge funds into 11 categories designed to reflect the primary hedge fund investment styles. This study only focuses on equity hedge fund styles, since the liquidity risk factors used in this article are constructed with equity data and are thus expected to better explain the performance of equity hedge funds. Precisely, we rely on the emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy hedge fund styles. 6 6 In the descriptive statistics section, we also present the data for the dedicated short bias hedge fund style. But, due to the limited number of hedge funds in this category (only 18 of them alive before Although the TASS database dates back to Feb. 1977, we start our study in Jan. 1994 to capture the date when TASS started to report the data for "graveyard" hedge funds in order to avoid the well-documented survivorship bias. This study extends from Jan. 1994 to Dec. 2006. 7 Another well-known bias associated with hedge fund returns is the backfilling bias: The database vendor may backfill new hedge funds' performance when they are added instead of only including their returns going forward. This bias also shifts hedge fund returns upward. To mitigate the impact of the backfilling bias, we exclude the first 12-month return data for each hedge fund.
Hedge funds were excluded when they: i) did not report net-of-fees returns; ii) reported returns in currencies other than the U.S. dollar; iii) reported returns less frequently than monthly; and iv) had fewer than 24 monthly returns. Table 1 presents summary statistics for equity hedge funds in the sample: Panel A for live hedge funds, and Panel B for both live and defunct hedge funds. About 64% of hedge funds are left after the filtration of the data. The results in Panels A and B show that the average annualized returns and Sharpe ratios are higher for live hedge funds within all but dedicated short bias hedge fund styles; this result strongly supports the existence of the survivorship bias. Table 1 also documents the positive first-order autocorrelation of hedge fund returns, particularly within the emerging markets, event-driven, and multistrategy hedge fund the filtration of the data, see Panel A of Table 1 ), this category was excluded when forming the optimal hedge fund portfolios. 7 The sample used by Avramov et al. (2007) , (2011) consists of hedge funds in the TASS, HFR, CISDM, and MSCI databases over the period from Jan. 1990 to Dec. 2002. styles. According to Getmansky et al. (2004) , the positive first-order autocorrelation of a hedge fund's returns can be used as a proxy for its illiquidity level arising from the lack of liquidity of its assets and/or from the return smoothing performed by its managers. This measure does not necessarily map into the systematic liquidity risk exposure of a given hedge fund portfolio as measured by its liquidity beta, which reflects its exposure to (and covariation with) stock marketwide liquidity shocks (long/short equity hedge and multistrategy hedge fund styles provide counterexamples to this mapping).
Stock daily return and volume data used to construct the liquidity risk factors LIQ PS and LIQ AMH are downloaded from CRSP. We only use common stocks traded on the NYSE and the AMEX, since the trading volume of stocks traded on the NASDAQ include interdealer data that result from a different trading mechanism. In year y, a stock is considered when it satisfies the following criteria: i) the stock was listed at the end of year y − 1; ii) the stock price at the end of year y − 1 was higher than $5 and lower than $1,000; and iii) the stock had return and volume data for over 100 days in year y − 1.
The monthly Pastor and Stambaugh (2003) and Amihud (2002) market liquidity series during the period between Jan. 1996 and Dec. 2006 are plotted in Graphs A and B of Figure 1 , respectively. Each month's observation is obtained by averaging individual stock liquidity measures for the month and then multiplying them by m t /m 1 , where m t is the total dollar value at the end of month t − 1 of the stocks included in the average in month t, and month 1 corresponds to (2011)).
The correlation between the market risk factor S&P 500 and the liquidity risk factors LIQ PS and LIQ AMH is high (in absolute terms) and negative: −0.609 and −0.527, suggesting that investors will require higher returns for less liquid securities when the market is trending down. This result is consistent with the concept of "flight to quality" during market downturn periods. The correlation between the two liquidity risk factors is high at 0.892; thus, the Pastor and Stambaugh (2003) and Amihud (2002) liquidity measures seem to capture a similar trend in liquidity risk over time.
V. Empirical Results
This section presents the out-of-sample performance results for the optimal hedge fund portfolios from the perspective of the seven types of investors defined in Section III. At the end of each year from 1995 to 2005, the portfolio for each investor is derived using the previous 24-month information. Due to the fact that lockup provisions and redemption notice periods are common in the hedge fund industry, it takes time for investors to withdraw money from hedge funds, and we thus rebalance portfolios only once every 12 months. 8 We follow Avramov et al.'s (2007) , (2011) selection of four business cycle variables: namely, the Treasury yield; the default spread, defined as the yield difference between Moody's Baa-rated and Aaa-rated bonds; the term spread, defined as the yield difference between T-bonds with more than 10 years to maturity and the 3-month T-bill rate; and the contemporaneous monthly CBOE volatility index. In the finance literature, the first three variables are often used to predict stock returns. To the extent that many hedge fund managers engage in volatility bets, the fourth variable should allow investors to predict hedge fund managers' ability of timing volatility. Table 2 gives summary statistics for the seven optimal portfolios' actual and bootstrapped returns reported by hedge fund styles. Table 2 reports, within each of the equity hedge fund styles of emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy, summary statistics during the period between 1996 and 2006 for the returns of the portfolios that are optimal from the perspective of the seven types of investors as described in the context: mean, bootstrapped mean (b-Mean), minimum (Min), maximum (Max), standard deviation (STDV), annualized Sharpe ratio (SH R), bootstrapped annualized Sharpe ratio (b-SH R), skewness (SKEW), and kurtosis (KURT). The optimal portfolios are formed by assuming that investors use the benchmark factor defined as the return on the value-weighted S&P 500 index to form expectations about future moments for asset allocation. Investors rebalance their portfolios every 12 months. Within each hedge fund style, the bolded number in the b-Mean (b-SH R) column is the highest mean return (Sharpe ratio) that is significantly, at the 5% level, higher than the other mean returns (Sharpe ratios). Table 2 documents that the optimal hedge fund portfolio strategies that account for predictability in managerial skills generate higher average returns than the strategies excluding managerial skills, though the difference is rather small for the long/short equity hedge fund portfolios. For instance, for the event-driven funds, the average return generated by the portfolio PA2 is 1.6%/month (0.5%/month higher than the highest average return generated by the dogmatic strategies). Looking at the Sharpe ratios, the results are, however, mixed. For the long/short equity hedge funds, the portfolios ND, PD1, and PD2 generate higher Sharpe ratios, and for the equity market-neutral and multistrategy funds, the highest Sharpe ratios generated by the strategies that do and do not incorporate predictable managerial skills are close. These conclusions also apply to the bootstrapped average returns and Sharpe ratios displayed in Table 2 .
A. Descriptive Statistics
The combination of higher average returns and relatively lower Sharpe ratios implies that the returns generated by the portfolios PS1, PS2, PA1, and PA2 are more volatile, which is emphasized in Table 2 . One potential explanation for the more volatile returns generated by the portfolios PS1, PS2, PA1, and PA2 is the fact that the number of hedge funds in these portfolios is much lower over time. 10 Hence, they are less diversified and more volatile.
Finally, the returns of the emerging markets and event-driven styles-based portfolios and of almost half of the portfolios belonging to the equity marketneutral, long/short equity hedge, and multistrategy styles display negative skewness and are left-tailed, meaning that these portfolios may suffer from infrequent but extreme losses.
B. Analysis of the Optimal Portfolios' Composition
We further analyze some characteristics of the optimal hedge fund portfolios' constituents.
The portfolio characteristics considered here include: the number of hedge funds, the age of hedge funds since their inception (in years), redemption notice periods (in days), lockup provisions (in months), and assets under management (in hundred of millions of dollars). At the end of each year from 1995 to 2005, the value of a portfolio characteristic is defined as the equal-weighted average of individual hedge funds' characteristics. The numbers in Table 3 correspond to the time-series averages of portfolio characteristics' values over the entire sample period.
On average, the portfolios excluding managerial skills are composed of more hedge funds; this feature may partially explain a phenomenon documented in Section V.A, namely, that these portfolios are less volatile as they are more diversified. Within all hedge fund styles, the time-series average numbers of hedge funds for the portfolios ND, PD1, and PD2 are at least twice as large as those for the other four portfolios. This observation is not surprising because, as implied by the hedge fund return-generating model (1), the skeptic and agnostic investors prefer to bet on the specific risks of hedge funds, while the dogmatic investors try to diversify their risk exposures.
Another interesting result recorded in Table 3 is that the portfolios accounting for managerial skills are not necessarily composed of hedge funds with more restrictive lockup provisions and redemption notice periods. Aragon (2007) uses hedge fund share restrictions like lockup provisions and redemption notice periods as transaction cost approximation and documents a positive and concave relation between share restrictions and excess returns on hedge funds.
11 One 10 See Table 3 in the following subsection. 11 Liang (1999) was the first to document a positive relationship between average hedge fund returns and the length of their lockup period.
TABLE 3
Analysis of Optimal Portfolios' Components Table 3 reports some characteristics of the seven portfolios within each of the equity hedge fund styles of emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy. Namely, the characteristics variables include: the number of hedge funds (NUM), the age of hedge funds since their inception (AGE, in years), redemption notice periods (RNP, in days), lockup provisions (LUP, in months), and assets under management (AUM, in hundred millions of dollars). At the end of each year from 1995 to 2005, the value of a portfolio characteristics variable is defined as the equal-weighted average of individual hedge funds' characteristics in this portfolio. The numbers in this implication of these results is that our subsequent conclusions about the effect of liquidity risk on hedge fund performance are most likely not driven by hedge fund share restrictions. Finally, hedge funds in the dogmatic portfolios generally tend to be older and to manage more assets than those contained in the skeptic and agnostic investors' portfolios.
C. Performance Evaluation Results
We first evaluate the out-of-sample performance of the optimal hedge fund portfolios with the Hasanhodzic and Lo (2007) model and then using the extended performance evaluation model that is obtained by including the liquidity risk factor LIQ PS in equation (4). The evaluation results excluding the effect of liquidity risk are reported in Table 4 . First, we corroborate Avramov et al.'s (2007) , (2011) empirical results, since we also find that the portfolio strategies that incorporate predictability in managerial skills yield superior performance compared to the other strategies. For example, for the emerging markets funds, the alphas generated by the portfolios PS1, PA1, and PA2 are significant at the 5% level and more than one time higher than the alphas generated by the portfolios ND, PD1, and PD2. In addition, for the event-driven funds, the significant alpha of portfolio PA2 is much higher than those of portfolios ND, PD1, and PD2.
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TABLE 4
Out-of-Sample Performance of Portfolio Strategies Table 4 reports, within each of the equity hedge fund styles of emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy, the alphas of the portfolios that are optimal from the perspective of the seven types of investors as described in the context and the coefficients of the liquidity risk factor LIQ PS constructed from the Pastor and Stambaugh (2003) Predictability in managerial skills matters the most for portfolios within the emerging markets, equity market-neutral, event-driven, and multistrategy styles that, except for equity market-neutral, can be mapped into the following alternatively defined hedge fund styles: directional trader and multiprocess.
13 Avramov et al. (2007) , (2011) obtain similar results. However, unlike Avramov et al., our results show that incorporating predictability in managerial skills may also improve the performance of the relative value (equity market-neutral) style-based portfolios.
The performance analysis has so far ignored an important risk factor to which many hedge funds may be exposed, namely, systematic liquidity risk. How does systematic liquidity risk affect the performance of these portfolios? Can an omitted liquidity risk premium explain part of the outperformance of the portfolio strategies incorporating predictability in managerial skills? To answer these questions, let us look at Table 4 , which also reports the alphas and the liquidity risk 12 Within the long/short equity hedge fund style, none of the agnostic and skeptic portfolios generates significant alpha at the 5% level, although the alphas of the portfolios PS1 and PS2 are larger than those of the dogmatic portfolios. However, if we also consider the 10% significance level, then the alpha generated by the portfolio PS1 is significant. 13 See Appendix A in Agarwal, Daniel, and Naik (2005).
factor betas in the performance evaluation model enlarged with the liquidity risk factor LIQ PS . The evaluation results obtained when including the liquidity risk factor as an additional explanatory variable can be summarized as follows: The estimated liquidity risk factor beta β PS is positive and significant at least at the 5% level for almost all the portfolios belonging to the emerging markets, event-driven, and long/short equity hedge fund styles, with a unique exception for the emerging markets fund portfolio PA1. Furthermore, when the effect of liquidity risk is taken into account, the alphas are reduced to insignificant levels for almost all these styles of portfolios. This result holds whether predictability in managerial skills is incorporated or not. Indeed, the number of significant alphas declines by 30% (from 20 to 14) once liquidity risk is accounted for.
14 Unreported bootstrap results show that for 31 out of the 35 hedge fund portfolios, the reduction in the alphas observed after accounting for liquidity risk is statistically significant.
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In particular, for the emerging markets funds, when liquidity risk is accounted for, the portfolios that incorporate predictability in managerial skills do not perform better than their dogmatic counterparts, and the alphas generated by the portfolios PS1, PA1, and PA2 all become insignificant. For the event-driven funds, the alpha generated by the portfolio ND becomes insignificant, while the alpha of the portfolio PA2 declines by about 30%, although PA2 is the unique portfolio whose alpha remains significant after considering the effect of liquidity risk. Similarly, within the long/short equity hedge fund style, the alpha generated by the portfolios PD1 and PD2, respectively, becomes insignificant and declines by more than 30%.
A potential explanation for these results is that hedge funds within the emerging markets, event-driven, and long/short equity hedge fund styles use stocks and operate in market segments that bear a significant exposure to liquidity risk. Therefore, it is not surprising that investors require a liquidity risk premium when investing in these types of hedge funds.
Finally, we observe that for the equity market-neutral and multistrategy fund portfolios, the effect of liquidity risk is much weaker: Their estimated liquidity risk factor betas β HL PS are mostly insignificant, and their alphas remain highly significant (albeit slightly lower). As will be shown later, the significant alphas of the equity market-neutral fund portfolios may be attributed to rents for liquidity provision.
14 The percentage is higher (37.5%) when we consider the 10% significance level. The same remark applies to the results obtained in Section IV.D.
15 Each calendar date, we use the block bootstrap method to resample each hedge fund portfolio's returns and the Hasanhodzic and Lo (2007) benchmark factors. With the resampled data, we evaluate the performance of portfolios using the Hasanhodzic and Lo model with and without the liquidity risk factor LIQ PS . In this way, we obtain two series of alphas, one before and one after accounting for liquidity risk. The resampling is repeated 1,000 times. With two sets of 1,000 resampled alphas, we use a paired t-test at the 5% significance level to check whether accounting for liquidity risk can significantly reduce the abnormal performance of the portfolios. The reduction is statistically significant for 31 out of the 35 hedge fund portfolios. When using the Fung and Hsieh (2004) model, the reduction in alphas is statistically significant in 29 out of the 35 portfolios considered. To enable a more direct comparison between the performance of our portfolios with that of the portfolios originally formed by Avramov et al. (2007) , (2011), we evaluate the performance of the optimal hedge fund portfolios using the FH7 (2004) model with (and without) the liquidity risk factor:
where SP500 = the S&P 500 index excess return; SCMLC = the Wilshire Small Cap 1750 − Wilshire Large Cap 750 return; 10Y = the month-end to month-end change in the U.S. Federal Reserve 10-year constant-maturity yield; CRED SPR = the month-end to month-end change in the difference between the Moody's Baa yield and the Federal Reserve's 10-year constant-maturity yield; BD OPT = the return of a portfolio of lookback straddles on bond futures; FX OPT = the return of a portfolio of lookback straddles on currency futures; and COM OPT = the return of a portfolio of lookback straddles on commodity futures. The three risk factors of BD OPT, FX OPT, and COM OPT are included to capture the fact that hedge fund returns relate to option-based strategy returns.
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The size factor SCMLC and the liquidity risk factor LIQ PS are correlated with a correlation coefficient reaching 0.42. Thus, in order to abstract from multicollinearity in the performance evaluation framework of Fung and Hsieh (2004) augmented for liquidity risk, we regress the liquidity risk factor on the size factor and then use the innovations as the liquidity risk factor proxy denoted by LIQ INN . The estimated alphas and liquidity risk factor betas in this alternative performance evaluation model and in its extended version are presented in Panel A of Table 5 . In the Fung and Hsieh (2004) model without LIQ INN , the alphas of the optimal hedge fund portfolios are generally lower than those obtained in the Hasanhodzic and Lo (2007) model. For example, for the emerging markets and long/short equity hedge funds, neither agnostic nor skeptic investors deliver significant positive alphas.
Similarly to the results obtained in the last subsection, the significance of the liquidity risk factor beta varies across hedge fund styles: For most portfolios belonging to the event-driven and long/short equity hedge fund styles, the estimated liquidity risk factor beta is significantly positive. It is also easy to observe that the estimated liquidity risk factor beta is generally lower and less significant in the enlarged Fung and Hsieh (2004) model. This pattern is due to the fact that the liquidity risk factor is adjusted by the size factor.
17 A block bootstrap analysis, as described in footnote 15, shows that within the enlarged Fung and Hsieh (2004) 16 For parsimony, we do not report the coefficients of BD OPT, FX OPT, and COM OPT. 17 If we use the liquidity risk factor LIQ PS rather than its innovations and abstract from the size factor in the augmented Fung and Hsieh (2004) evaluation model, we obtain quite similar liquidity risk factor betas as in the enlarged Hasanhodzic and Lo (2007) model. These results are available from the authors.
TABLE 5
Robustness Tests Table 5 reports, within each of the equity hedge fund styles of emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy, the results of three robustness tests for the portfolio performance analysis: The first robustness test, in Panel A, is to evaluate the portfolio performance using the Fung and Hsieh (2004) model; the second robustness test, in Panel B, is based on the liquidity risk factor LIQ AMH constructed from the Amihud (2002) liquidity measure as an additional explanatory variable; and the last robustness test, in Panel C, is to evaluate the performance of the optimal portfolios formed with hedge funds of which returns are winsorized at the 95% level to control the effect of outliers. Here, α is the alpha obtained by regressing portfolios' excess returns on the evaluation model benchmarks; α LIQ is the same alpha, but adjusted for liquidity risk premium; and βLIQ is the coefficient of the liquidity risk factor in the extended evaluation models. ** and * denote significance at the 1% and 5% levels, respectively.
Emerging Markets
Equity 
Amihud Liquidity Measure
We next examine whether our results are robust to alternative liquidity risk measures. In the following, we conduct the previous performance evaluation using the extended Hasanhodzic and Lo (2007) Table 5 are similar to those that we obtained in Section V.C, although the Amihud (2002) liquidity risk factor's impact is smaller in most cases. Particularly, the reduction in the number of significant alphas is only slightly less strong (5 out of 20 alphas become insignificant at the 5% level). This result is not surprising, given that the liquidity risk factors LIQ PS and LIQ AMH are highly and positively correlated, as mentioned previously.
Winsorizing Hedge Funds' Returns
It is well known that the distribution of many hedge funds' returns displays heavy tails. We thus investigate whether extreme hedge funds' returns could in part explain the role that we attribute to liquidity risk in reducing the abnormal performance of the optimal hedge fund portfolios. We test this hypothesis by using individual hedge fund returns winsorized at the 95% level.
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Comparing the results displayed in Panel C of Table 5 with those in Table 4 , we observe that how winsorization affects the hedge fund portfolios' raw alphas is closely related to the skewness of their returns. The negative skewness of the emerging markets or event-driven portfolios' returns reported in Table 2 implies that the returns of the individual hedge funds embedded in these portfolios also exhibit negative skewness. Thus, winsorizing the individual hedge funds' returns for these two styles of portfolios tends to mainly exclude the effect of extreme losses and shifts these hedge fund portfolios' raw alphas up.
When accounting for liquidity risk, we observe that, as in the case without winsorization, the liquidity risk factor betas are significantly positive for almost all the portfolios belonging to the emerging markets, event-driven, and long/short equity hedge fund styles. Likewise, the estimated alphas for 32% of the portfolios are reduced to insignificant levels when liquidity risk is accounted for. Once again, liquidity risk only bears a limited impact on the performance of the equity marketneutral and multistrategy styles-based portfolios. Overall, winsorizing hedge fund returns does not alter our main conclusions regarding the role played by liquidity risk in explaining equity hedge fund portfolios' abnormal performance.
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18 A 95% winsorization would see all hedge funds' returns below the 2.5th percentile set to the 2.5th percentile, and all hedge funds' returns above the 97.5th percentile set to the 97.5th percentile. A 90% winsorization of the hedge funds' returns generated similar results. 19 Our empirical results are also robust to the exclusion of the month of January hedge fund return series and to the impact of the return smoothing undertaken by some hedge fund managers. Additional robustness tests performed to account for these two issues are available from the authors.
E. Financial Crises and the Effect of Liquidity Risk
We now check whether the lack of superior performance documented so far for many optimal portfolios once we account for liquidity risk is mainly driven by large discontinuous liquidity shocks experienced by hedge funds during financial crises. To test this hypothesis, we run the performance estimation regressions during the sample period, while excluding the months of July 1997, August and September 1998, and March 2000, when the following financial crises, respectively, occurred: the Asian financial crisis, the Russian Government bond default and the following debacle of LTCM, and the bursting of the dot.com bubble.
The estimation results are reported in Table 6 . This table indicates that for all but equity market-neutral styles-based portfolios, the estimated alphas before accounting for the effect of liquidity risk when the return data over the financial crisis periods are excluded are higher than those reported in Table 4 (we now observe 27 significant alphas over the same period). This result is not surprising, since these styles-based portfolios suffered large losses during the financial crises (particularly during the Russian financial crisis and the debacle of LTCM); thus, their estimated alphas are less eroded when the return data over these crisis periods are ignored. Second, the estimated coefficients of the liquidity risk factor LIQ PS are again significantly positive for most portfolios belonging to the emerging markets, event-driven, and long/short equity hedge fund styles, although they are generally lower than those displayed in Table 4 . Third, the effect of liquidity risk on the alphas of all styles-based portfolios is stronger than the one
TABLE 6
Financial Crises and the Effect of Liquidity Risk Table 6 reports, within each of the equity hedge fund styles of emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy, the alphas of the portfolios that are optimal from the perspective of the seven types of investors as described in the context and the coefficients of the liquidity risk factor LIQ PS constructed from the Pastor and Stambaugh (2003) liquidity measure. Here, α is the alpha obtained by regressing portfolios' excess returns on the Hasanhodzic and Lo (2007) in Section V.C, since 37% (10 out of 27 portfolios' alphas) of them now become insignificant.
Following these results, we can conclude that financial crises were not the only systematic liquidity events that have affected the performance of these equity hedge fund portfolios. The empirical results presented so far indicate that frequent yet small systematic liquidity shocks significantly affect most equity hedge fund portfolios' performance.
F. Liquidity Risk Premium versus Rents for Liquidity Provision
Unlike many traditional investment instruments, hedge funds have so far been less prone to regulation (e.g., they have until recently not been required to disclose their positions to investors or to financial authorities). As argued by Miller (2010) , one possible explanation for the regulatory forbearance of hedge funds may arise from the need to allow these funds to provide liquidity to financial markets. As a compensation, it would seem natural that hedge funds then earn rents for providing liquidity. Rents for liquidity provision are clearly distinct from earning a systematic liquidity risk premium, which has so far been the focus of this study. To study whether all or some equity hedge funds may also earn rents from providing liquidity and to disentangle the rents for liquidity provision from the premia compensated for liquidity risk bearing, we conduct an indirect test of the liquidity provision rents hypothesis. For that purpose, let us consider two subsample periods: the first covering the period from Jan. 1998 to Dec. 2001, and the second covering the period from Jan. 2003 to Dec. 2006 . As particularly shown in Graph B of Figure 1 , which plots the evolution of the Amihud (2002) liquidity measure, the first period can be deemed much less liquid than the second period. Figure 2 plots the TED spread, defined as the difference between the 3-month Eurodollar deposit rate and the 3-month T-bill interest rate during the period from Jan. 1996 to Dec. 2006. The TED spread is regarded as a proxy for the funding cost faced by market participants. We observe that, during the first so-called illiquid period, the TED spread was much higher, meaning that funding was much more expensive during that period. We choose Jan. 2003 as the starting month of 
TED Spread
Figure 2 plots a series of monthly TED spread, which is defined as the 3-month Eurodollar deposit rate minus the 3-month T-bill interest rate, during the period between Jan. 1996 and Dec. 2006. the second period because the importance of hedge funds as liquidity providers was reduced following the gradual introduction of the Autoquote system on the NYSE in 2003, as documented in Jylha et al. (2011) . If some hedge funds provide liquidity to financial markets and are compensated for this through liquidity rents assimilated to residual alphas (after accounting for liquidity risk), then they should earn higher rents (i.e., residual alphas) during the first period when liquidity was low. Jylha et al. show that the equity market-neutral, event-driven, and long/short equity hedge funds generally act as liquidity suppliers. They do not, however, document any similar pattern for the emerging markets and multistrategy hedge funds. Thus, we should observe that these former three categories of hedge funds earned higher residual alphas during the first "illiquid" period. Table 7 reports the residual alphas (after accounting for liquidity risk) and the liquidity risk factor betas of the optimal hedge fund portfolios during both subperiods. We observe that the portfolios within the emerging markets and eventdriven styles earn much higher excess returns in the second period, while the equity market-neutral and long/short equity hedge fund styles-based portfolios perform much better during the first period.
20 Thus, and consistent with Out-of-Sample Performance of Portfolio Strategies in Different Periods Table 7 reports, within each of the equity hedge fund styles of emerging markets, equity market-neutral, event-driven, long/short equity hedge, and multistrategy, the alphas of the portfolios that are optimal from the perspective of the seven types of investors as described in the context and the coefficients of the liquidity risk factor LIQ PS constructed from the Pastor and Stambaugh (2003) The multistrategy fund portfolios excluding predictability in managerial skills perform better during the first subperiod, while the multistrategy fund portfolios incorporating predictability in managerial skills tend to perform surprisingly well during the second subperiod. Jylha et al. (2011) , the equity market-neutral and long/short equity hedge funds seem to earn liquidity provision rents (identified as their high and significant residual alphas) during the first period, while clearly their residual performance is much weaker (and generally insignificant) during the second period, when they were less needed as liquidity providers. The evidence supporting these results is reinforced once we note that these two style portfolios also earn high and significant residual alphas even when we do not account for any source of managerial skills' predictability in their returns. Our results, however, stand in contrast with those from Jylha et al. (2011) as far as the event-driven funds are concerned, since we observe that their residual alphas are usually higher and significant during the second period (when liquidity was high).
VI. Conclusion
In this article, we study the effect of liquidity risk on the performance of the optimal portfolio strategies for equity hedge funds. Similarly to Avramov et al. (2007) , (2011), we observe that, before accounting for the effect of systematic liquidity risk, hedge fund portfolios that incorporate predictability in managerial skills generate superior performance. However, this outperformance disappears or weakens substantially for most emerging markets, event-driven, and long/short equity hedge fund portfolios once the impact of liquidity risk is incorporated into the performance evaluation framework of Hasanhodzic and Lo (2007) . In other words, for these equity hedge fund styles-based portfolios incorporating predictability in managerial skills, "alphas" in part reflects compensation for systematic liquidity risk bearing. These results hold under various robustness tests. We also provide indirect evidence for the fact that the residual alphas (after accounting for liquidity risk) of the equity market-neutral and long/short equity hedge fund portfolios may be attributed to the rents earned by these two categories of hedge funds from providing liquidity during time periods when it is most needed.
This study only focuses on equity hedge funds. As shown in a previous version of this article, the effect of liquidity risk is weaker for some nonequity (e.g., fixed income arbitrage and managed futures) hedge funds. This may be attributed to the fact that these hedge funds do not respond or covary with a liquidity risk factor constructed with equity data. In the future, it would be worth exploring whether similar liquidity risk factors that are constructed with nonequity securities price and trading volume data can help us explain and disentangle the performance of these broader sets of hedge funds.
Appendix. Bootstrap Method
The bootstrapped average returns and Sharpe ratios reported in Table 3 are estimated with the block bootstrap method. The block bootstrap is the best-known method for implementing the bootstrap with the time-series autocorrelated data. It consists of dividing the data into blocks of observations and sampling the blocks randomly with replacement. More precisely, let {rp,t, t = 1, . . . , n} be the return observations generated by a hedge fund portfolio p. With overlapping blocks of length l, block 1 is observations of {rp,s, s = 1, . . . , l}, block 2 is observations of {rp,s+1, s = 1, . . . , l}, and so forth. The bootstrap sample is then obtained by sampling blocks randomly with replacement and laying them end to end in the order sampled. In our block bootstrap procedure, we choose the block length l = n 1 /3 . Hall and Horowitz (1996) use two block lengths l = 5 and l = 10 for two sample sizes (n = 50, 100), and Inoue and Shintani (2006) select the block length by an automatic procedure that results in an average block length of 3.5 for sample size 64 and 6 for sample size 128. Here, we use a simple rule: The block length in our simulations is similar to the average block length of Inoue and Shintani. For each bootstrap sample, we calculate the average return (Sharpe ratio), and the bootstrapped average return (Sharpe ratio) is the average of the B (= 1,000) bootstrapped average return (Sharpe ratio) estimators. Within each hedge fund style, for any two samples of the B bootstrapped average return (Sharpe ratio) estimators, we perform a paired t-test at the significance level 5% to determine which sample comes from a distribution with higher mean, and the highest mean is bolded. The results obtained with other bootstrap methods like resampling the residuals in the fitted Hasanhodzic and Lo (2007) (or Fung and Hsieh (2004) ) model are similar and are not reported in Table 2 to save space.
